Based on a sample of about 600 state enterprises from 1980 to 1994, this paper investigates the productivity performance of SOEs using Data Envelopment Analysis and a Malmquist index. Our empirical results show that the average technical efficiency was low for these firms. Considerable productivity growth was found, but it was accomplished mainly through technical progress rather than through efficiency improvement. Regression analyses indicate that large SOEs were more likely to generate productivity growth than smaller ones.
Introduction
Since the economic reforms initiated in the late 1970s, an important feature of China's economic growth has been its reliance on productivity growth (World Bank, 1997) . In recent years, in order to boost productivity further and to sustain economic growth, China's State Planning Commission issued a set of general guidelines for restructuring the economy and accelerating the development of key industries. These guidelines emphasize the promotion of large state enterprises (SOEs) and enterprise groups and the improvement of productive efficiency through redundancies and technology upgrading.
Contrary to conventional wisdom, recent studies argue that China's large SOEs are not stagnant fossils waiting to die. Under economic reform policies, this sector has undergone rapid change due to enhanced enterprise autonomy, the impact of market forces, rapid growth of domestic demand for upstream products, strategic integration with the world economy, and the state's policy to promote large businesses (Nolan and Wang, 1999) . In conjunction with the non-state sector, large-scale enterprises have been an important engine for growth over an extended period of time in China (Smyth, 2000) . These studies present a challenge to the transitional orthodoxy that only privatization can solve the industrial problems of former Communist countries. Central to this debate is the productivity performance of SOEs, especially large SOEs.
intense and sometimes unfair competition from township and village enterprises and joint ventures. Heavy social responsibilities, e.g., pension, housing, and over-staffing, were also blamed for poor performance Tan, 1999 and Lin, Fan, and Zhou, 1998) . The recent focus of the government's structural adjustment program is on introducing the modern enterprise system, a reduction of over-staffing, and technology upgrading. These measures have been accompanied by housing, pension, and other welfare reforms that were expected to reduce social burdens on enterprises. The emphasis on the modern enterprise system reflects the long-standing view of some economists that SOEs are basically reformable if effective management methods can be implemented, accompanied with reductions in staffing and technology upgrading aimed directly at boosting productivity growth.
We examine the productivity performance of SOEs according to three aspects: improvement in technical efficiency, technical progress, and the best practice SOEs. Our empirical evaluation provides evidence about the effectiveness of management reforms in improving the technical efficiency of SOEs. Regarding technical progress, substantial investments in relatively advanced technologies from Western countries have been made by direct purchases, technology transfers, and joint ventures. However, technical progress may differ significantly among SOEs so that an examination of the best practice SOEs sheds more light on the determinants of productivity growth in the state industrial sector and on the potential of forming conglomerates with the best practice SOEs as the core. Using an unbalanced panel from enterprise survey data from two panels, (1980 to 1989 and 1990 to except for machinery, and observe significant reductions of technical efficiency in the chemicals, machinery and textiles industries. As a result, chemicals and textiles experienced a negative TFP growth, whereas building materials and machinery display negligible TFP change. Their results seem to have cast doubt on the effectiveness of the industrial reform measures in China.
Second, to our knowledge, the DEA-based Malmquist index has not yet been applied to the 1980 to 1994 data. The DEA method has been employed in studies of technical efficiency and its determinants in China using other data (e.g., Zheng, Liu, and Bigsten, 1998, and Sun, Hone, and Doucouliagos, 1999) . The DEA-based Malmquist index has also been calculated in for Chinese state enterprise data for 1980 , 1984 , and 1985 in Mao and Koo (1997) for efficiency change in agriculture; and in Zhang, Zhang and Zhao (2001) for industrial enterprises in Shanghai with various ownership structures. The advantage of using the DEA-based Malmquist index is that the estimation of the production frontier requires fewer observations for each industry than dose stochastic frontier estimation.
Hence, we can estimate technical efficiency for two-digit individual industries, some of which have sometimes only 10 to 20 observations. For this reason, we are able to use a larger subset of the data than previous studies. Another advantage of the DEA approach is that it is not necessary to specify the distribution of technical efficiency when the production function is estimated. In the stochastic frontier case, estimated technical efficiency may be sensitive to the specification of the efficiency distribution. Compared with stochastic frontier method, the main disadvantage of the DEA approach is that it does not provide statistical tests for the estimated production function.
Third, the original motivation of our study was to use regression analyses to identify the determinants of productivity growth and to construct the best practice technology with emphasis on large SOEs. Once TFP growth is decomposed into efficiency change and technical progress, we can identify the explanatory variables affecting a specific component.
The lack of exits in the SOE sector allows a comprehensive examination of best practice techniques because the data are unusually diverse in terms of productivity performance. By separating the best practice firms from inefficient SOEs, we focus on the set of the enterprises at which specific reform policies are targeted, namely, the large SOEs in strategically important sectors. 4 The DEA method offers a straightforward analysis of the best practice firms using a two-step procedure, that is, the DEA production frontier is estimated in the first step and regression analysis is applied in the second step. Our findings contribute to understanding the expected complication of current industrial reforms in China.
Methodology
Following Färe, et al. (1994) to define the output-based Malmquist index of productivity change, we assume, that for each time period t=1, …, T, the production technology S t models the transformation of inputs, x t ∈ℜ , into outputs, y N + t ∈ℜ , as follows:
The output distance function is defined at t as D o t (x t , yy t ) is on the boundary or frontier of the technology. According to Farrell (1957) , this occurs when production is technically efficient. In the case of a single input and one output, under constant returns to scale, maximum feasible output is achieved when average productivity, y/x, is maximized. In our empirical work, that maximum is the best practice or highest productivity observed in our sample and is determined using DEA techniques.
To define the Malmquist index we define distance functions with respect to two different time periods as follows:
This function measures the maximal proportional change in outputs required to make 
In all definitions concerning Malmquist indexes, we assume constant returns to scale for the technology as suggested in . The Malmquist productivity index in (4) can be disaggregated multiplicatively into two component measures: 
where the expression in (5) measures the change in efficiency between periods t and t+1, which we denote this as efficiency change. Expression (6) captures shifts in the frontier technology, which we denote this to be the technical change component; values less than one in both cases signify deterioration in productivity. We calculate the Malmquist productivity index using non-parametric programming techniques. We assume that there are k=1,…, K enterprises using n=1,…, N inputs x n k,t at each time period t=1,…, T. These inputs are used to produce m=1,…, M outputs y m k,t . Each observation of inputs and outputs is strictly positive and we assume that the number of observations remains constant over all years, although this is usually not the case with our data. 
it exhibits constant returns to scale and strong disposability of inputs and outputs .
To calculate the productivity of enterprise k' between t and t+1, we solve four Two of the distance functions used to construct the Malmquist index require information from two periods. The first of these is computed for observation k' as: In empirical applications, the above formulations may produce results of technical regress, which are usually difficult to interpret. In this study, when the frontier for year t+1 is generated, the best practice observations from the year t will also be included to impose a restriction of no technological regress.
Data

Source
The data come from two enterprise surveys conducted by the Chinese Academy of Social Sciences (CASS) in 1990 and 1996. The first survey, which was used in Groves et al. (1994 Groves et al. ( , 1995 , Liu and Liu (1996) , Lee (1997) , and Li (1997) , contains annual data for 769 state-owned enterprises between 1980 and 1989. The second survey, sponsored by the University of Michigan, is a follow-up survey for the period 1990 to 1994. The data for the entire period of 1980 to 1994 has been used in Li and Liang (1998) , Lee (1999) , and Dong and Putterman (2001) . Kong, Marks, and Wan (1999) used only the second survey. As in Lee (1999) , we tried to use a matched data set of 681 SOEs from the two surveys. After excluding SOEs with missing or invalid observations, we had a smaller data with crosssection observations ranging between 440 and 616 for 1980 to 1994. The cross-section observations for 1990 to 1994 include only those appeared in 1980 to 1989. The follow-up survey contains 10% fewer firms than the first survey. Firms that dropped out in the followup survey tended to be larger firms with poorer performance than those included in both surveys (Lee, 1999) . More than 300 variables are covered in the data, including details of enterprises' real and financial accounts, price information, and internal incentives. The sample enterprises represent 36 two-digit industries in mining, logging, utilities, and manufacturing and are located in four provinces (Jiangsu, Jilin, Shanxi, and Sichuan).
However, due to the limited observations in some industries, we chose 17 two-digit industries for our estimations.
Output, Inputs, and their Deflator
When dealing with a comprehensive panel data set, a common practice is to estimate a production function with value-added as the output variable, and the capital stock and total employment as inputs. Because this type of data covers different industrial sectors (two digits), using value-added plus capital and total employment to estimate a value-added production function would make observations across different two-digit industries more comparable. But the variables involved in the analysis are limited to labor and capital. To extend the analysis to more variables, another convention in this line of research is to use gross output plus capital, employment, and intermediate inputs in the estimation of production functions for the entire data set. However, this method would make the cross industrial observations less comparable, since the intermediate inputs used in one (two-digit) industry may not be used in another.
In this study, we take a third approach, i.e., a two-step procedure, to overcome the comparability problem and to extend our analysis to variables other than labor and capital. To take care of the comparability problem, we assume that each two-digit industry has its own production function so that regression analyses could be carried out after production functions for individual industries have been estimated. Another advantage is that disaggregation of inputs other than labor and capital becomes more reasonable. For one thing, material inputs within each industry are more comparable. For another, energy usage is also more comparable within a two-digit industry than across the industries.
To approximate the production technology in individual industries more precisely disaggregated labor inputs of production workers, technicians, and management personnel are chosen. For intermediate inputs, annual costs of material, electricity, coal, and oil are available. Because the cost shares of coal and oil in the total cost of non-labor inputs are negligible, coal and oil are excluded from our analysis in the end. The deflator for material is constructed using the annual percentage increase in the material price reported in the data, and the deflator for electricity is from the China Statistics Yearbook (State Statistical Bureau, 1995) . Capital is measured as total net fixed assets for production purpose in fixed prices.
The capital deflator comes from the China Statistics Yearbook (State Statistical Bureau, 1993 1952 , 1957 , 1970 , 1980 , and 1990 (State Statistical Bureau, 1993 . Hence, gross output in current price may consist of values calculated using both market and planned prices. Therefore, the price deflator obtained by dividing gross output in current price by gross output in fixed price is not really a consistent deflator. 
Reform and Characteristic Variables
Several variables may be helpful in identifying the determinants of technical efficiency and productivity growth. Since the financial performance of many SOEs has not been satisfactory, an assessment of the relationship between profitability and productivity is interesting. We use annual profit as the profit variable to examine this correlation. Regarding the impact of incentive schemes on enterprise productivity, several relevant variables are available in the data set; these include flexible wage (bonus), retained profits, and the relative salary of managers to that of workers. Other factors affecting productivity may include the education levels of employees (the proportion of employees with high school education or higher), investment in fixed capital, capacity utilization, age of the enterprise, and the proportion of non-production workers to the total. The industries that were left out have too few observations, namely, less than four. Although deterministic frontier methods such as DEA usually require fewer observations than stochastic frontier methods, the lack of cross-section observations for some industries has undesirable effects on estimation results. For instance, when there are only about 10 observations in each cross-section, average technical efficiencies tend to be unusually high.
In the next section, DEA and Malmquist estimation results are discussed by industrial sector.
The numbers of best practice SOEs are reported by scale, administration level, and province.
Regression analyses are performed on estimated technical efficiency measures, productivity growth and its components. In Table 1 , on the whole, the levels of technical efficiency for SOEs in China fall in the 50% to 80% interval. The average efficiency for 1990 to 1994 was obviously higher than that for 1980 to 1989, by about 10-percentage points, which might be due to the exit of some poor performance large SOEs during the latter period. Since the data were collected separately for the two periods, we need to interpret the difference with caution. In addition, no visible trend in efficiency improvement is discernible within each period.
Empirical Results
DEA and Malmquist Index Results
Regarding the Malmquist indexes in table 1, productivity growth is found in all the sectors, except for textiles having a productivity decrease occasionally, between 1988 and 1989, for instance. These results are much more optimistic than the ones reported in Kong, Marks, and Wan (1999) . The light industries had higher growth rate than the heavy industries, and the machinery higher than textiles. The decomposition of productivity growth into efficiency change and technical progress is reported in table 2. Efficiency improvement was rather rare in all the four sectors, which is consistent with Kong, Marks, and Wan (1999) .
Most of the productivity growth came from technical progress, 10% per year was not unusual. This may be a distorted picture as far as Chinese enterprise data are concerned. One scenario is that most enterprises had been producing well below their production frontier including best practice SOEs. The frontier was formed through best practice SOEs in our estimation. In the reform process even the potential for the best SOEs to improve technical efficiency were large. Therefore, as the best SOEs improve their technical efficiency, they raise the production frontiers. Technical progress was thus exaggerated and technical efficiency improvement for non-frontier enterprises underestimated. Table 1 ,2, and 3 about this page.
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In table 3, we calculated the distribution of frontier enterprises (best practice) across different scales, administrative levels, and provinces. Small scale seems to have more enterprises producing on their industry production frontier than others during the data period, but the differences are not large. Enterprises supervised by region government have relatively more frontier producers. However, during 1990 to 1994, the number of best practice increased dramatically in province and ministry administrated SOEs. This might be due to the exit of larger firms with poorer performance mentioned in Lee (1999) . Turning to the provinces, Jiangsu had more best practice SOEs than other provinces in relative terms.
Otherwise, the distributions of best practice across scale and provinces are fairly even. This provides an interesting case for regression analysis.
Regression Analysis
The first set of regressions uses DEA efficiency (EFF) estimates as dependent variables. For analysis of best practice, we construct a binary variable by setting efficiency scores with values less than unity to zero. The second set of regressions uses the Malmquist index, M o and its components (efficiency change, and technical progress) as dependent variables. The third set of regressions uses binary dependent variables constructed from the same dependent variables as in the second set. When the binary variable takes the value of unity, it indicates positive change. A value of zero stands for negative or no change. Since the first set of regressions involves efficiency scores in levels, it could be used for checking longrun relationships. In the second set of regressions, all the dependent variables are in fact variables in first difference. They measure the inter-temporal change in productivity, efficiency, and technology. When they are combined with explanatory variables in first difference, this set of regressions checks the short-run impact of an inter-temporal change in the explanatory variables on the productivity of the enterprises.
Besides the regression for best practice in the first set of regressions, the third set of regressions uses binary dependent variables to examine the breakthrough effect of the explanatory variables on various productivity measures. The second set of regressions measures the magnitude of a positive/negative short-run impact of the explanatory variables on productivity, while the third set of regressions is concerned with the probability of a positive change in productivity when the explanatory variable changes inter-temporally. An explanatory variable may be correlated with a higher probability of productivity breakthrough (a positive change in productivity), but may not be statistically significantly correlated with a higher rate of average productivity growth.
The explanatory variables included are: age of the enterprise, the ratio of flexible wage to total wage, the proportion of high school graduates or higher in total employees (the education variable), capacity utilization, and dummies for province, scale, administration level, industry, and year. Explanatory variables that were excluded from our final estimations are: total profits, retained profits, relative salary of managers to that of workers, investment in fixed capital, and the proportion of non-production workers to the total. These variables were not statistically significant in our preliminary estimations and often had much more missing observations than those kept in the final estimations.
Regression results on the determinants of technical efficiency are presented in Table   4 . Observations with a capacity utilization larger than 3 and with an education variable value greater than 1 were excluded. Tobit models are used when EFF is the dependent variable, and logit models are estimated when using the EFF converted binary variable as the dependent variable, with 0 indicating less than 100% efficient and 1 for efficient enterprises. The results for flexible wages, capacity utilization, and Jiangsu province are fairly robust. They have positive long-run effects on both technical efficiency and the probability of producing at the production frontier, while the central government control over the enterprise lowers technical efficiency and decreases the probability of becoming best practice. Education has a significant positive long run effect on technical efficiency, but its effect on the probability for a firm to become best practice is not statistically significant at 10% level. This result probably
shows that SOEs with well-educated labour force can do better than average, but to become best practice SOEs, the education factor may have to be accompanied with incentives and investment in new technology. In contrast with education, large scale increases the probability of becoming best practice, but its correlation with higher technical efficiency level is not statistically significant at 10%. This may imply that the performance of large SOEs is rather diversified. The reason could be due to that the inefficient firms stay for a long period in the sample (few bankruptcies).
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In terms of the importance to technical efficiency, if we concentrate our attention to the quantitative explanatory variables, capacity utilization turns out to be the most effective (0.1303), flexible wage comes the second (0.1088), and education ranks the third (0.0499).
The finding on capacity utilization is consistent with the concerns, especially in recent years, over the problem of excess capacity existed in the SOE sector.
In Table 5 , the Malmquist index and its components are used as dependent variables.
Values larger than two were excluded from the regressions. Flexible wage, education, and capacity utilization as explanatory variables in the regression are in first difference. These results can thus be interpreted as short-run effects. Flexible wage is the most significant factor affecting productivity growth and its components in the short-run. Capacity utilization has a positive influence on productivity growth as a whole, but the impact seems to work significantly through efficiency improvement not technical progress. The dummy for Jiangsu province is significant in all the three regressions. Large scale does not seem to have significant effects on efficiency change in the short-run, neither on productivity and technical change.
In table 6, the dependent variables are binary variables with 0 for negative or no change and 1 for positive change. Again, flexible wage has a positive impact on the probability of an enterprise to have a productivity breakthrough via both improvement in technical efficiency and technical progress. Jiangsu province achieves productivity breakthrough mainly through technical progress. Another interesting finding is that large SOEs are more likely to have productivity improvements. Compared with the corresponding results in table 5, it might be interpreted as that large scale does not guarantee a higher rate of productivity improvement, although it increases the probability of a breakthrough to productivity growth. Education is not significant in table 6.
Overall the decomposition and the regressions produced interesting results. It seems that explanatory variables can be grouped into three categories. First, education and capacity utilization affect technical efficiency: education determines the level of technical efficiency in the long run, but its short-run impact is not statistically significant; Capacity utilization also had positive impact on productivity through efficiency improvement in the short run.
Second, province and large scale can affect technical progress, which is more likely to take place in the presence of physical capital investment. Put another way, physical capital, which may be associated with scale and province, affects technical progress, while human capital and capacity utilization are more significant for efficiency improvement. Third, it is worthwhile to note that the incentive variable -flexible wage, has a cross-the-board effect on both efficiency improvement and technology progress in the long run as well as in the short run, no mater whether the effects were in form of breakthroughs or levels. However, we should be cautious with the results since the causality between productivity and flexible wage might well be in both direction (Groves, 1994) .
On average, the improvement in technical efficiency is far from satisfactory, while technical progress dominates productivity growth. So, the potentials for productivity improvement in SOEs are large. On the other hand, the best practice SOEs may have played the role of leaders throughout the data period. As they improve their production efficiency, it was very difficult for others to catch up. In this case, the average and the best practice SOEs may simply belong to entirely different categories of producers in terms of technology, quality of human capital, managerial capacity, and external environment. Therefore, it is not so unreasonable that the recent government policy encouraged takeovers of less efficient SOEs by the more efficient ones, perhaps as an alternative to bankruptcy.
Conclusions
In this study, we have investigated the productivity performance of SOEs with a panel from a well-known enterprise survey. The measured average efficiency levels of the sample SOEs were low (sometimes around only 50%) in the 17 two-digit industries. This impression is in general consistent with findings in Liu and Liu (1996) and Kong, Marks, and Wan (1999) , though there are differences that depend on industries. For 1980 to 1989, the positive TFP growth in our study seem to have once again reconfirmed the TFP growth reported in Groves, et al. (1994) , as did Liu and Liu (1996) and Li (1997) . However, our decomposition attributed the TFP growth overwhelmingly to technical progress rather than to efficiency improvement, which makes our study depart from the work by Liu and Liu (1996) . Maybe the truth lies somewhere in between since during a period of rapid technical progress the improvement in technical efficiency could have been obscured in the data. For 1990 to 1994, TFP growth continued in the sample enterprises, contradicting the results reported by Kong, Marks, and Wan (1999) , while being more in line with the positive impact of corporatization on productivity reported in Lee (1999) . When turning to the decomposition, it is obvious that the source of this contradiction came from the positive findings on technical progress in our study. Average technical efficiency worsened at the same time, confirming the stochastic frontier results in Kong, Marks, and Wan (1999) . In general, our results are consistent with the overall assessment of the productivity performance of the SOE sector by Jefferson, Rawski, and Zheng (1996) .
To echo the study on large SOEs by Lo (1999) , in the regression analyses, we find that technical efficiency and TFP growth is higher in large SOEs at the 15% level of statistical significance -a weak confirmation. We also found medium SOEs seem to have performed worse than large SOEs in every aspect covered in the study. On the other hand, large SOEs do not show faster productivity growth on average, although they were found significantly correlated with the best practice and productivity breakthrough. This may imply that even large SOE is not a homogeneous group in terms of technical efficiency and TFP growth. Besides large scale, best practice SOEs were characterised with stronger incentive, higher capacity utilization, and were most likely to be found in the coastal province (Jiangsu) assuming everything else fixed.
In general, our empirical findings appear to be in line with the recent government policy concerning redundancies, technical upgrading, and modern enterprise system. These policy emphases address the key problems deeply rooted in the SOE sector, i.e., low efficiency, lack of competence in the context of WTO entry, and the separation of controls from state ownership. It is probably fair to say that China's enterprise reforms have made considerable achievements in the area of productivity growth in the SOE sector since the late 1970s. Particularly, large SOEs were more able to play the role of best practice than medium and small SOEs. Nevertheless, all these achievements are far from satisfactory because of the absence of technical efficiency improvement, which was very likely associated with policy burdens and over-staffing. More drastic reform measures are called for, including complete or partial privatisation. If our findings provide any useful policy implications for the SOE reform, it might be that the separation of the large SOEs from the smaller ones and of the best practice from the inefficient enterprises can be a reasonable strategy.
Our results show that even under the state ownership, enterprise performance could be rather diverse. The rationale behind it should be carefully examined and privatisation does not appear to be the only answer to the problems of the large SOEs. When privatisation is not an immediate option in sectors such as basic and pillar industries, the restructuring program of 1994 seems to be an alternative with less economic and political risks. Getting rid of policy burdens and the development of the modern industrial corporate culture are timeconsuming and may take years to accomplish, especially with large SOEs. If the ultimate goal is to privatise most of the large SOEs, privatisation might be more likely to succeed in the absence of policy burdens and when the modern enterprise system is well established within the SOE sector. After all, one has to pay due attention to the lessons of the Eastern Europe and the former Soviet Union experience, for instance, summarised in Nolan (1995) and Stiglitz (1999) . AGE is the age of the enterprise; WP is the flexible wage; ED refers to education; KG stands for capacity utilization.
PROV stands for Province, of which number 1 is Jiangsu, number 2 is Jilin, number 3 is Shanxi, and 4 is Sichuan (goes into intercept).
S stands for the scale of the enterprise, of which number 1 refers to large, number 2 is the medium firm, and number 3 is the small firm.
ADM is the administration level, 1 stands for central and ministry level, 2 is provincial, 3 refers to region, and 4 stands for the county level. Industry and time dummies were used and the results are not reported here.
*** stands for significant at 1% level, ** is 5%, and * means significant at 10% level. 1 The SOE share in China's total industrial output has declined from 77.6 percent in 1978 to 28.8 percent in 1996. However, SOE's still employed 57.4 percent of all urban workers and undertook 52.2 percent of total investment in industrial fixed assets in 1996 (Lin, et. al, 1998) .
2 Once the powerhouse behind the economy's growth and employment, the dynamism of China's 1.5 million collectively owned enterprises has waned. After generating some 17 million jobs in 1993, they created just 1.4 million in 1994 and 1995, while private and individually owned enterprises created 6.6 million new jobs (World Bank, 1997) .
3 The industrial policy announced on March 25, 1994 emphasised the development of pillar industries. Five pillar industries have been designated by the government: machinery, electronics, petrochemicals, automobiles, and construction. These industries were chosen because their products are expected to have a high income elasticity of demand and they exhibit substantial economies of scale. Expansion is expected to generate significant backward and forward production linkages. These industries have the potential for high productivity growth and reflect China's comparative advantage in the world economy. The hope is that these pillar industries will eventually account for 5 percent of GDP (or 8 percent of industrial output), increase their share in international markets, reach international quality standards quickly, and become profitable (World Bank, 1997, page 39).
